Abstract
Modeling streamflow is an important approach for understanding landscape-scale drivers of flow and estimating flows where there are no streamgage records. In this study conducted by the U.S. Geological Survey in cooperation with Colorado State University, the objectives were to model streamflow metrics on small, ungaged streams in the Upper Colorado River Basin and identify streams that are potentially threatened with becoming intermittent under drier climate conditions. The Upper Colorado River Basin is a region that is critical for water resources and also projected to experience large future climate shifts toward a drying climate. A random forest modeling approach was used to model the relationship between streamflow metrics and environmental variables. Flow metrics were then projected to ungaged reaches in the Upper Colorado River Basin using environmental variables for each stream, represented as raster cells, in the basin. Last, the projected random forest models of minimum flow coefficient of variation and specific mean daily flow were used to highlight streams that had greater than 61.84 percent minimum flow coefficient of variation and less than 0.096 specific mean daily flow and suggested that these streams will be most threatened to shift to intermittent flow regimes under drier climate conditions. Map projection products can help scientists, land managers, and policymakers understand current hydrology in the Upper Colorado River Basin and make informed decisions regarding water resources. With knowledge of which streams are likely to undergo significant drying in the future, managers and scientists can plan for stream-dependent ecosystems and human water users.
Introduction
Modeling streamflow is an important approach for understanding landscape-scale drivers of flow and estimating flows where there are no gaged records (Carlisle and others, 2010; Murphy and others, 2012) . The number of streams instrumented to measure flow are decreasing because of funding limitations (http://streamstats09.cr.usgs.gov/ThreatenedGages/ ThreatenedGages.html). In addition, with projected changes in future climate conditions, there is a need to estimate the effects of climate change on streamflow (Teng and others, 2012) ; therefore, modeled projections of streamflow are essential for scientists, managers, and policymakers to make informed decisions regarding water resources and stream-dependent ecosystems (Eng and others, 2013; Teng and others, 2012) .
In the southwestern United States, mean annual streamflow is projected to decrease during the next century because of changing climate conditions (Seager and others, 2013) . Some studies suggest strong seasonal signatures will result in increasing winter precipitation and streamflow (especially in northern latitudes) and decreasing late summer and fall precipitation and streamflow (especially in southern latitudes) because of climate change in western North America (Milly and others, 2005; Cayan and others, 2008; Colorado Water Conservation Board, 2010; Seager and others, 2013) . In arid and semiarid regions of the western United States where intermittent streams are common, several studies predict that minimum flows will decrease, and the number of zero-flow days will increase in the future (Das and others, 2011; Leppi and others, 2011; Jaeger and others, 2014) . Decreased minimum flows could lead some perennial streams to shift to intermittent streamflow regimes under climate-driven changes in timing and magnitude of precipitation and runoff and increases in temperature (Jaeger and others, 2014) .
We focused the study on the Upper Colorado River Basin, which is a region that is not only critical for water resources but also projected to experience large future shifts towards a drier climate (Christensen and Lettenmaier, 2007; Clow, 2010; Seager and others, 2013) . The Colorado River Basin is one of the most intensively managed river systems in the world and a vital water resource in the western United States supplying water for cities, agriculture, energy production, and natural ecosystems across seven states and two countries (Jerla and others 2012) . This study was conducted by the U.S. Geological Survey in cooperation with Colorado State University with the objectives of producing maps of modeled streamflow metrics on small, ungaged streams in the Upper Colorado River Basin and identifying streams that are potentially threatened with becoming intermittent in the next century based on twentieth century hydrology and our understanding of modeled future climates. The datasets presented here build on analyses developed in a previous study by Reynolds and others (2015) .
Study Area
The Upper Colorado River Basin extends from southwestern Wyoming to northern Arizona and New Mexico and includes the western one-half of Colorado and the eastern one-half of Utah ( fig. 1 ). The headwater streams of the Upper Colorado River Basin form at high elevations in the Wind River, Uinta, Wasatch, and Colorado Rocky Mountains. Higher elevation and northern streams in the Upper Colorado River Basin are characterized by snowmelt peak runoff in the late spring that decreases to base flow in the late summer and early fall (Poff and Ward, 1989) . Streams in the southern part of the Upper Colorado River Basin may experience a second streamflow peak in mid-to late summer associated with rainfall from the North American Monsoon, and this monsoon rainfall is often the primary driver of annual flow in smaller, southern Upper Colorado River Basin streams (Hereford and Webb, 1992; Ely, 1997; Gochis and others, 2006) .
Methods

Streamflow Metrics
To train our models, we selected 115 streamgages with at least 8 years of data on small (1st-4th order), unaltered streams in the Upper Colorado River Basin ( fig. 1 ; Reynolds and others, 2015) . We selected nine flow metrics that are important to low-flow stream hydrology: minimum flow coefficient of variation (CV), baseflow, zero-flow days, zeroflow months, 7-day minimum, frequency of low-flow pulses, specific minimum flow, specific mean daily flow, and intermittency (table 1). All flow metrics except intermittency were calculated using the Hydrologic Index Tool (HIT) software on the historic daily streamflow data (Olden and Poff 2003; Heasley 2006 ; table 1). We defined intermittency based on zero-flow days and zero-flow months and placed the streams into three categories: strongly intermittent, weakly intermittent, or perennial. Stream reaches were strongly intermittent when greater than 5 percent of months during the period of record were zero-flow months and the number of zero-flow days averaged across years was greater than 20 per year; weakly intermittent when between 0 and 5 percent of months were zero-flow months and the number of zero-flow days averaged across years was between 0 and 20 years; and perennial when the percent of zero-flow months and the number of zero-flow days averaged across years were zero. If a stream, for example, had a 20-year period of record (240 months), at least 12 months of the record would have to have zero-flow days for the entire month, and an average across years of at least 20 zero-flow days per year, for the stream to qualify as strongly intermittent. The strongly intermittent stream category may also include ephemeral streams; however, we did not distinguish between strongly intermittent and ephemeral streams.
Environmental Covariates
Environmental covariates for our models were derived from Geographic Information System datasets of climate (17 datasets), soils (2 datasets), geology (13 datasets), and land cover (7 datasets) for each individual raster cell in the Upper Colorado River Basin stream network (Falcone, 2011; table 2) . We used the National Hydrography Dataset Plus, version 1, flow accumulation raster (30-meter resolution) to represent stream cells in the Upper Colorado River Basin (NHDPlus, 2010) . Temporal and spatial scale varied somewhat across the datasets depending on the nature of the data. Climate and soil rainfall runoff factor (R factor) data were mean values for 30-year periods (climate normals) in the latter one-half of the 20th century, which overlapped with the streamgage records that were used (table 2). Soil permeability, geology, and land-cover data did not have a temporal range and were associated with their publication dates (table 2). Since the spatial scales of environmental variables were different, we used the ArcGIS raster "resample" tool to resample each variable's raster using the bilinear method to a 30-meter scale. Environmental variables were then accumulated for the upstream drainage area or a percentage of upstream drainage area was calculated for each cell as appropriate (table 2) .
Model Development
We used a random forest approach to model the relationship between flow metrics and environmental variables (Cutler and others 2007) . We rectified our gage site locations with the raster datasets of environmental variables for the random forests. To improve explanatory power and model fit, we implemented a model selection process where variables that fell below a calculated model improvement ratio were dropped from the model (Murphy and others 2010) . We then selected the model that minimized mean square error (MSE) and maximized percentage of variation explained for each flow metric (Murphy and others 2010; Reynolds and others 2015) . We assessed model fit with percentage of variation explained (pseudo-R 2 ), MSE, and a calculated P-value (a measure of the strength or statistical significance of a relation; smaller p-values indicate stronger relations) for the best model for each flow metric (Murphy and others 2010) . To fit our models we used the "randomforest" function of R's "RandomForest" package (R 3.0.0, R Development Core Team, 2013) . The model for base flow was dropped from further analysis because of poor model performance and fit (less than 27 percent variance explained; Reynolds and others, 2015) . More details of this modeling approach are included in Reynolds and others (2015) .
Model Projection to Ungaged Streams
To project each flow metric to ungaged reaches in the Upper Colorado River Basin, we used the environmental variables for each stream raster cell in the basin to predict flow variables across the stream network. We used the "predict" function of R's "raster" package (R Development Core Team, 2013) which uses the independent (environmental) variable data and the associated fitted model to predict a given flow metric at each stream raster cell. Because our random forest models were trained on streamgage data from small streams, we filtered out all stream cells in our projection maps with a drainage area greater than 4,000 square kilometers or approximately 5 th order and greater streams. We repeated this process for each flow metric except base flow, which had poor model performance, and zero-flow months, which is not amenable to projection since its units are in months per record (table 1, Reynolds and others, 2015) .
Predicting Streams Threatened with Intermittency
Last, we used the random forest models built in the "Model Development" section described above to predict which streams are currently perennial or only rarely intermittent and threatened to become intermittent under drier climate conditions. Reynolds and others (2015) used conditional inference tree models to show that stream intermittency was best predicted by the streamflow metrics minimum flow CV and specific mean daily flow with the thresholds of 230 percent minimum flow CV, 61.84 percent minimum flow CV, and 0.096 specific mean daily flow as particularly important thresholds for differentiating streams (Reynolds and others, 2015) . Streams that had less than 61.84 percent minimum flow CV were perennial streams. Streams that had greater than 230 percent minimum flow CV were strongly intermittent streams. These first two groups of streams are unlikely to shift from their current hydrology of perennial or strongly intermittent despite a drier climate; however, our conditional inference tree indicated that streams between 61.84 and 230 percent minimum flow CV, and less than 0.096 specific mean daily flow were moderately dry streams, which included a mix of weakly intermittent and perennial streams (Reynolds and others, 2015) . Because this set of streams includes perennial and weakly intermittent streams, we hypothesize that these streams are threatened to become intermittent under a drier climate. We used our projected raster datasets of minimum flow CV and specific mean daily flow to highlight streams that met this criteria (between 61.84 and 230 percent minimum flow CV and less than 0.096 specific mean daily flow) in the Upper Colorado River Basin and suggest that these streams will be most threatened to shift flow regimes under drier climate conditions. [Adapted from Reynolds and others (2015) . CV, coefficient of variation]
Streamflow metric Definition (units)
Minimum flow CV Standard deviation of annual minimum flows times 100 divided by the mean of annual minimum flows (percent).
Base flow
The mean of the ratios of the minimum annual flow to mean annual flow for each year times 100 (dimensionless).
Zero-flow days Mean annual number of zero-flow days (days/year).
Zero-flow months on record The number of months during which there was no flow during the entire record (months/record).
7-day minimum
Mean of the annual minimums of a 7-day moving average for each year (cubic foot per second).
Frequency of low-flow pulses Mean of the annual average number of events below 5 percent of the mean flow for the entire record (number of events/year).
Specific minimum flow
Mean of the annual minimum flows divided by drainage area (cubic foot per second/square mile).
Specific mean daily flow Mean for the entire flow record divided by drainage area (cubic foot per second/square mile).
Intermittency Strongly intermittent, weakly intermittent, or perennial streams. See full definition of intermittency in the "Methods" section. 6 Rainfall and Runoff factor ("R factor" of Universal Soil Loss Equation); average annual value for period 1971 -2000 . Note that these data are no longer available through the PRISM website.
Results and Data Products
The random forest models we used to project flow metrics to small, ungaged streams varied in model performance between 45.3-and 82.55-percent variance explained (table 3) .
We successfully projected low flow metrics to small, ungaged reaches across the Upper Colorado River Basin using random forest models developed in Reynolds and others (2015) and described above in the "Methods" section. We produced seven flow metric datasets, one for each modeled flow metric (tables 3 and 4), for small stream reaches across the Upper Colorado River Basin. An example of the dataset products is shown in figure 2. We produced an eighth dataset showing modeled intermittency status for each stream reach, including streams that are potentially threatened with intermittency because of drier conditions (fig. 3) . The eight geospatial datasets included in this Data Series are summarized in the "Accompanying Data Products" section below. Table 3 . Results of random forest models using environmental variables to predict streamflow metrics.
[Adapted from Reynolds and others (2015) . See table 1 (Reynolds and others, 2015) . 
Disclaimers
Although these data have been processed successfully on a computer system at the U.S. Geological Survey, no warranty expressed or implied is made regarding the display or utility of the data on any other system, or for general or scientific purposes, nor shall the act of distribution constitute any such warranty. The U.S. Geological Survey shall not be held liable for improper or incorrect use of the data described and (or) contained herein.
Summary
We developed geospatial datasets of projected mean and low streamflow metrics on small streams in the Upper Colorado River Basin using random forest statistical models. Our models varied in performance and explained about 45-85 percent of variance for each flow metric. These datasets can help scientists, land managers, and policymakers understand current hydrology in the Upper Colorado Basin and to make informed decisions regarding water resources. With knowledge of which streams are likely to undergo significant drying in the future, land managers and scientists can more effectively plan for drying conditions, human water uses, and the consequences for stream dependent ecosystems.
